Age-related decline may not be as pronounced in complex activities as it is in basic cognitive processes, but ability deterioration with age is difficult to deny. However, studies disagree on whether age is kinder to more able people than it is to their less able peers. In this article, we investigated the "age is kinder to the more able" hypothesis by using a chess database that contains activity records for both beginners and world-class players. The descriptive data suggested that the skill function across age captures the 3 phases as described in Simonton's model of career trajectories: initial rise to the peak of performance, postpeak decline, and eventual stabilization of decline. We therefore modeled the data with a linear mixed-effect model using the cubic function that captures 3 phases. The results show that age may be kind to the more able in a subtler manner than has previously been assumed. After reaching the peak at around 38 years, the more able players deteriorated more quickly. Their decline, however, started to slow down at around 52 years, earlier than for less able players (57 years). Both the decline and its stabilization were significantly influenced by activity. The more players engaged in playing tournaments, the less they declined and the earlier they started to stabilize. The best experts may not be immune to aging, but their previously acquired expertise and current activity enable them to maintain high levels of skill even at an advanced age.
Over the years, memory and problem-solving abilities decline (Deary et al., 2009; Naveh-Benjamin & Old, 2008) , while reaction times (RTs) slow down by almost two thirds when we compare 60-year-olds with 20-year-olds (Salthouse, 1984) . Increased age is also negatively associated with learning, spatial ability, reasoning, and motor skills (Lindenberger & Baltes, 1994; Salthouse, 1991; Verhaeghen & Salthouse, 1997) . The conclusion from a large number of studies is that the aging process negatively influences cognitive processes (Salthouse, 2010) . On the other hand, the age-related decline observed in laboratory settings is often different from the age-related change in real life skills. For example, job performance reveals little or no decline through the years (Salthouse & Maurer, 1996 ; see also, Ng & Feldman, 2008) , while in complex jobs, it is actually the case that age-related improvement is possible (Sturman, 2003) . Evidence from meta-analyses (Waldman & Avolio, 1993) shows that job performance ratings have a stronger positive relation with age for professionals compared to nonprofessionals. This pattern of results is more in line with the common belief that older people are also wiser (but see Redzanowski & Glück, 2013; Staudinger & Glück, 2011) . After all, senior people regularly hold positions of leadership and responsibility within universities, businesses, and governments (Horn & Masunaga, 2006; Horton, Baker, & Schorer, 2008) . In short, studies on real life skills show that domain-related knowledge and experience could present a promising way of compensating for the age-related decline in cognitive processes. Here we investigate the onset and patterns of age-related decline in chess, a game that combines various higher and lower level cognitive processes. The main goal of the present study is to examine whether expertise, largely based on accumulated domain-specific knowledge (Chase & Simon, 1973; Gobet & Simon, 1996) , and expertise-related activity can offer a way to compensate for age-related decline in a complex cognitive skill such as chess.
Age Is Kinder to the More Able
The research on the effects of age on ability has a long tradition. One of the first investigations was conducted by Thorndike, Bregman, Tilton, and Woodyard (1928) , who investigated age-related decline in general intelligence (Army Alpha) as a function of initial ability level or as they called it "innate ability" (p. 17). They concluded that "it is probable that the influence is very slight, that the ablest man and the ordinary man show nearly the same curve." In contrast, Blum and Jarvik (1974) showed stronger effects of initial ability on age-related decline, and coined the "age is kinder to the initially more able" hypothesis. In their study, more able people showed a lesser decline by age on tests in cognitive battery than ordinary people did.
The analogous idea was tested in different domains of expertise with skill levels as a moderator of age-related decline. For example, expertise studies of complex problem solving skills such as chess provide some evidence for this hypothesis. Roring and Charness (2007, see also Almuhtadi, 2011) observed that rating scores of chess players decline over the years. Most importantly, higher ranked (and therefore more able or capable) players decline less than their lower-ranked colleagues in later years. Masunaga and Horn (2001) showed that increase in expertise of players (in the case of the board game GO) reduces or even stops the agerelated decline in deductive reasoning and working memory. Ramscar, Hendrix, Shaoul, Milin, and Baayen (2014) used statistical and computational models to tackle the question of decline in processing speed for language comprehension. They proposed that the decline in the processing speed of older adults reflects expertise in language, that is, increased knowledge and vocabulary size, rather than cognitive decline per se.
On the other hand, Salthouse (2010) in his seminal overview of cognitive decline showed that ability does not interact with decline patterns. In one of the studies, Salthouse divided participants based on their performance and compared skill trajectories. For cognitive tasks such as word recall, spatial relation processing, and digit recall, all participants declined with age. However, there was essentially no difference between the best, average, and worst performing participants in the rate of decline. Similarly, Wilson et al. (2009) showed that the steepness of cognitive decline in people is equal across levels of education. Other studies have found the opposite effect, that is, age is kinder to the initially more average. In chess and bridge, for example, older players derived less benefit from increased skill when remembering briefly presented game situations (Charness, 1979 (Charness, , 1981 . The results indicate that the acquired knowledge is not protective for the domain-related tasks that rely on the processes undergoing normative age-related decline such as memory and speed of processing (see the computational model in Mireles & Charness, 2002) . Similarly, initially more prolific scientists have steeper age-related decline, as measured by the number of publications, after their peak than their less productive colleagues (Horner et al., 1986) .
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Model of Career Trajectories and Landmarks
The opposite pattern of results could be accounted for by Simonton's model of career trajectories and landmarks (Simonton, 1977 , also Simonton, 2015 . This model was devised to explain creative potential and output throughout a person's life. It assumes a two-step process, where in the first step the creator begins with a supply of latent creative potential that is being transformed into creative ideas. In the second step, the ideas are being translated into products (see Simonton, 1983, p. 79 ). Simonton's model of career trajectories states that productive individuals with higher output show a steeper decline after their peak, which is the reverse of the hypothesis that age is kinder to the initially more able. According to the model, postpeak decrease will be proportional to the prepeak increase.
The model results in three different stages of creative process throughout a person's lifetime. At the beginning of their career, the creator quickly generates new ideas, which are produced more quickly than they are converted to final products. The fast production of ideas is characterized as the increase of the age related function in the earlier period of life. Productivity later levels off at the peak of the function, usually occurring around the 30s or 40s. After the increase and peak, the conversion of ideas to products is becoming faster than generation of new ideas, resulting in a postpeak decline in production of ideas. Productivity starts to decline at a steady rate, which is influenced by people's prepeak increase. In the case of more productive people, creativity tends to rise rapidly to the peak and decline just as rapidly after the peak is reached. In contrast, the creativity of less productive people approaches the peak more gradually, and declines very slowly (Simonton, 2010) . The higher the productivity, the more quickly creative potential is worked into contributions (Simonton, 1983) . Finally, the decline starts to stabilize at a particular point and slowly approaches the horizontal axis (Simonton, 1988) . This third phase represents the change of the postpeak decline. The change is defined by an inflection point of the age related function, where the steepest decline from the peak begins to stabilize.
Studies in the domain of creative productivity showed support for this type of age-related curve (Dennis, 1966; Gingras, Larivière, Macaluso, & Robitaille, 2008; Lehman, 1953; McArdle, Ferrer-Caja, Hamagami, & Woodcock, 2002; Simonton, 2015; Zuckerman, 1977) . However, most of the studies in other domains of expertise do not establish the appropriate skill trajectories for their data (e.g., Howard, 2005 Howard, , 2014a Howard, , 2014b Roring & Charness, 2007; Salthouse, 2010) . The common approach is to apply a certain order of polynomial in age to the dataset, as these polynomial effects tend to explain a lot of variance, without any procedure of model selection and comparative goodness of fit testing (Simonton, 1988 (Simonton, , 1997 . The main problem with this practice is that outcomes are inconclusive and differ between studies, as the effects obtained in the linear model depend heavily on the theoretical function that was applied to the data. Here we employ the model comparison procedures on the chess data to examine the optimal theoretical function that can explain age-related function.
Age Effects in Chess
Chess is a particularly suitable domain for tackling the question about expertise and age-related declines for a number of reasons. First, it is a complex cognitive domain that encompasses numerous cognitive processes such as perception (Bilalić, Kiesel, Pohl, Erb, & Grodd, 2011; Rennig, Bilalić, Huberle, Karnath, & Himmelbach, 2013) , attention (Charness, Reingold, Pomplun, & Stampe, 2001 ), memory (de Groot, Gobet, & Jongman, 1996; Gong, Ericsson, & Moxley, 2015) , and problem solving (Bilalić & McLeod, 2014; Connors, Burns, & Campitelli, 2011; Moxley, Ericsson, Charness, & Krampe, 2012) . Second, it provides an objective and reliable measure of skill (Elo, 1978) . Most importantly, there are a number of datasets that enable one to follow chess players' performances throughout their lives (Bilalić et al., 2009; Chabris & Glickman, 2006; Charness & Gerchak, 1996; Howard, 2005) . These databases have been used to tackle questions such as gender difference (Bilalić et al., 2009; Chabris & 1 The particular effect requires a closer examination as it runs counter to a large number of studies where researchers find cumulative advantage of a better start in science (see Allison, Long, & Krauze, 1982) . In other words, researchers that are more prolific exhibit smaller postpeak decline in publication output compared with less prolific colleagues. This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly. Glickman, 2006; Charness & Gerchak, 1996; Howard, 2008 Howard, , 2009 Knapp, 2010) and skill acquisition trajectories (Gaschler et al., 2014; Howard, 2014a) . The chess databases also offer unbiased and reliable information about the tournament activity level of practitioners, something that is often missing in other domains. A common finding in previous skill acquisition studies is that continued expertise-related activity is necessary to sustain a high level of performance (Ericsson, Krampe, & Tesch-Römer, 1993) . This is particularly the case in the research on aging and expertise, because previous studies show that expertise-related activity serves to counterbalance for agerelated decline in performance (Bedard, 1989; Charness, Krampe, & Mayr, 1996; Ericsson, 2004; Krampe & Ericsson, 1996) . The chess datasets offer information about the tournament activity of players and can therefore be used to tackle the interaction between age and expertise-related activities.
The most relevant study for our current research was conducted by Roring and Charness (2007) , who applied multilevel modeling on a chess database. They showed that chess players reach their peak performance at around 43 years and that there is a dropdown of scores for all players after the peak. Most importantly, Roring and Charness demonstrated that the higher ranked players decline less in later years compared with lower ranked players. They also showed that the number of tournament games played, an expertiserelated activity (Campitelli & Gobet, 2008 , does not interact with age-related trajectories. Roring and Charness (2007) modeled the data using a quadratic function, which might not be the best choice if we are interested in the third phase of decline stabilization in Simonton's model. More importantly, they used the international chess database (FIDE database), which suffers from serious methodological problems (Vaci, Gula, & Bilalić, 2014) . The FIDE database only provides records for the very best practitioners and completely excludes weak players (and, to a lesser extent, average players too), as illustrated in Figure 1A . Furthermore, the FIDE database has restriction of values for tournament activity, as can be seen in Figure 1B . In essence, Roring and Charness could only differentiate between highly skilled chess players whose expertise-related activity may not be logged accurately. The very best chess players may decline more slowly than their slightly less able colleagues, but it is still unclear what happens with average players.
Current Study
The main goal of the present study was to examine age-related decline in a complex cognitive skill. We were particularly interested in the hypothesis that decline is positively altered by the overall ability of practitioners. The previous studies (e.g., Almuhtadi, 2011; Howard, 2012; Roring & Charness, 2007) produced inconclusive results because they suffered from methodological problems, such as the use of inappropriate functions to describe skill trajectories (Simonton, 1997) , lack of activity records , and range restriction of the ability measure (Vaci et al., 2014 , see Figure 1 ). As we will show in this study, the restriction of range for rating scores and tournament activity has serious consequences for the conclusions. We circumvent these problems by using the German chess database (Bilalić et al., 2009) , which encompasses the full range of ability and provides reliable records of expertise-related activity (tournament activity).
Our general assumption is that the increase to the peak, and the subsequent decline, could follow Simonton's model of career trajectories and landmarks (Simonton, 1997) . We assume that cubic functions provide a better description of both the German and FIDE chess databases because they capture all three phases (peak, decline, and beginning of stabilization) of Simonton's model (see the Fitting the Curve subsection in Results). We also expect the decline after the peak to be proportional to the increase Figure 1 . Probability density distribution of chess skill and tournament activity. (A) Probability density distribution of chess skill as measured by Elo rating in FIDE (dark gray) and German database (light gray). The datasets contain a similar number of players, but they differ in the shape of distribution and coverage. The only overlap between them is at the highest values of the German database and the lowest values of the FIDE database. Average players have around 1,500 rating points, while experts are considered to be players who have more than 2,000 rating points (see Method section for a detailed explanation). The Y-axis is the probability of Elo points across all players (density). (B) Probability density distribution for tournament activity as measured by number of played games for every player in a year, in FIDE (dark gray color) and German database (light gray color). The distributions of tournament activity overlap, but the German dataset logs more records compared to the FIDE dataset. This document is copyrighted by the American Psychological Association or one of its allied publishers.
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before the peak. If players improve at a faster rate before the peak then they should also decline more quickly. Conversely, players with a shallow increase to the peak should also have a shallow decrease after the peak (see the Age is Kinder to the Initially More Able subsection in Results). We are also interested in how the two different datasets with full (German) and restricted range (FIDE) differ in the case of age-related declines. As has been shown, analyses on the restricted FIDE dataset indicate that the very best players in the world have a smaller decline in later years compared with slightly worse but still very good players (Almuhtadi, 2011; Roring & Charness, 2007) . If age is indeed kinder to the initially more able, then we would also expect nonexpert players to decline more quickly than experts in the German database, where there are no restrictions in skill range.
Extending the previous results, we analyze the skill acquisition function in chess expertise for the third phase in Simonton's model, namely stabilization of decline in later years (Dennis, 1966; Lehman, 1953; Zuckerman, 1977) . If age is kinder to the initially more able, then we would expect the stabilization point to be reached earlier in experts than in nonexpert players (see the Stabilization of Age-Dependent Decline subsection in Results). Given the importance of expertise-related activities in later years (Ericsson, 2004; Krampe & Ericsson, 1996) , we also expect a preserving effect of tournament activity on skill (see the Modeling of Age and Activity Effects subsection in Results). In other words, decline in experts will be mitigated by activity, as evidenced by an earlier stabilization point in players who practice more.
Method Chess Skill
Chess skill is measured on a continuous scale, which reflects the performance of player against player. The Elo rating, named after Arpad Elo who introduced the scale as a measure of chess skill (Elo, 1978) , is applied in a similar way across the world. The Elo rating is inferred from player versus player outcomes and uses normal distribution to measure performance. The theoretical mean is set at 1,500 Elo points and theoretical standard deviation is 200 points. Multiple groups of players can be identified within the distribution of the Elo scale. For example, beginners have around 800 Elo points, average players around 1,500, masters above 2,200 and the very best players, grandmasters, around 2,500 Elo points. Players above 2,000 points are usually considered as experts.
Databases
We used two large databases, one maintained by the International Chess Federation (FIDE; see Howard, 2006 for more information) and the other by the German Chess Federation (DSB: Deutscher Schachbund; see Bilalić et al., 2009 for more information). The FIDE database collects records from the 1970s to 2010, which enables researchers to estimate trajectories over the course of life. The FIDE rating list includes only the best players in the world. In the beginning, FIDE kept only the records of players above 2,200 Elo points. The entry limit has subsequently been lowered, but the database still contains only the best players and some above-average players, as depicted in Figure 1A . Besides the restriction in skill range, the FIDE database also puts a restriction on the games played. The tournaments are only recorded and logged in the FIDE database if they are registered as FIDE events (for a considerable fee). Many national federations do not possess the necessary means to register their tournaments with FIDE. Consequently, only a fraction of the games played by their players is captured by the FIDE database. The FIDE database provides an imposing amount of data for the best chess players in the world, but it unfortunately imposes severe restrictions on skill range and playing activity (see Figure 1A and 1B).
The German database represents one of the biggest and bestorganized national chess databases in the world. All German tournaments are rated, including club championships that feature not only competitive players but also hobbyists. The German database collects records from 1980 to 2007, and keeps records of FIDE tournaments organized in Germany. This results in a reliable estimation of the activity of players and a full range of skill from beginners to the world's best players, as depicted in Figure 1A and 1B.
Both databases have encountered criteria changes for the data keeping throughout their history (see, e.g., Howard, 2006) . As we have shown in the cohort analysis (see additional supplemental material for further analyses on both datasets), these changes do not seem to have influenced the skill trajectories across the players, at least not in the German database we use for the conclusion. More importantly, the rating employed in the German database is based on the same assumptions as the Elo rating. The two databases measure the same skill, as is shown by the high correlation between FIDE and German ratings in the players who both possess both German and FIDE ratings (r ϭ .93 in Bilalić et al., 2009 ).
Preliminary Data Screening
Preliminary data screening was performed to ensure that potential data entry mistakes were accounted for. We followed the same procedure as in previous studies (Dennis, 1966; Roring & Charness, 2007; Simonton, 1977) and excluded players under 10 and over 80 years. Additionally, players with only one observation were excluded to ensure that analyses were performed for active players only, as at least two data points are required to make inferences about the change of rating scores.
The FIDE database used here includes all records up to 2010 and after the preliminary data screening, it comprised 2,916,227 observations with 100,529 players for the FIDE database (with an average of 42 observations per player). The German database included the data up to April 2007 and encompassed 2,072,176 observations with 119,785 individuals (with an average of 33 observations per player). We provide the descriptive statistics for the main variables used in the models (also collapsed over the participants' age) in Table A1 and A2 in Appendix A.
Overview and Rationale for the Analyses
The databases were analyzed in several iterations (datasets and the R code for the main and additional analyses can be found in supplemental materials). In the first step, we investigated the descriptive patterns of age-related effects on rating scores. To examine whether the two databases differ in the descriptive patterns, we applied the local polynomial regression in R statistical environment (R Core Team, 2013 ) and compared data-driven This document is copyrighted by the American Psychological Association or one of its allied publishers.
trajectories of rating as a function of age. More importantly, we assessed the best theoretical function behind chess skill acquisition. This was obtained by comparing models with different polynomial terms on age as a predictor variable, ranging from linear to the seventh polynomial. In the second step, mixed-effect models were applied on both databases using the lme4 package in R (see Baayen, Davidson, & Bates, 2008; Baayen & Milin, 2010; Bates, 2005; Radanović & Vaci, 2013 ; for details about the lme4 application). The main idea behind this statistical approach is to estimate and control additional sources of variability in the dependent variable, which are not influenced by the factors of interest (fixed effects). The most frequent spurious variable is the subject factor, where individual differences in genetic, developmental, environmental, social or chance factors are influencing variability in the dependent variable. More importantly, the repeated measurement data, as in the case of this study, is hierarchically organized. Multiple observations measured for each player are correlated and clustered within a player. One way to account for the additional variance and serial correlation is to treat players as random effects in the model. By doing this, one is estimating skill acquisition curves for each player separately. Another interesting possibility in the case of linear mixed-effect modeling is the option to examine the relation between fixed factors and random effects in more detail.
Similarly to Roring and Charness (2007) , we empirically tested whether linear, quadratic, and cubic effects of age, as well as the number of played games per tournament, predict chess skill. All these factors were included as fixed effects. Additionally, to better investigate the effect of expertise-related activity and decline of rating scores due to periods of the inactivity in players' competitive careers, we calculated the time difference between logged tournaments for each player. We call this inactivity "stale play." The predictor "stale play" illustrates the time span in rated chess activity and by adding it to the model we are adjusting the function for the time of inactivity for each player. We also tested whether the adjustment of the intercept and slopes was necessary for players and the fixed effects in the model. Comparison of models showed that random effect of intercept for players and slope for linear effect of age added to the goodness of fit (see Appendix B). To illustrate how this modeling is applied, we will specify the main model used in our study in Equation 1. In the model, y refers to the rating of an individual player (p) at a time point (i). Intercept of the model is decomposed into two parts: a global intercept (␤ 0 ) and adjustments of intercept for each player (P 0p ). The linear effect of age is adjusted in the same manner. A single global estimate for the linear effect of age (␤ 1 ) and the degree to which the linear effect of age for each player deviates from the global estimate (P 1p ), while allowing correlation between intercept and slope deviations. We did not impose zero correlation between random intercepts and slopes in order to examine the relation between starting points and increase to the peak in more detail. All remaining terms are fixed effects and are shown in the common GLM notation.
In the last step, we investigated the "age is kinder to the initially more able" hypothesis. This was examined by including a new factor in the model, which coded all players as either experts or nonexperts. By adding a new factor, we adjusted the estimated coefficients in the model and plotted life span trajectories for both kinds of player. A similar approach has already been used by Salthouse (2010) to examine the "age is kinder to the initially more able" hypothesis.
To sum up, we present first the descriptive and model-based results on the relationship between age and Elo ratings in the FIDE and German data, separately. We then show how expertise-related activity affects Elo ratings in general, age at peak, and the shape of postpeak decline, by adding the number of tournament games per rating period to the model. In the next step, we add an initial ability level factor (best vs. average players) to the model in order to test the "age is kinder to the initially more able" hypothesis. Finally, we calculate the inflection point of decline for both datasets and investigate whether this onset of stabilization phase is dependent on tournament activity, that is, the activity level of players.
Results
Pattern of Skill Acquisition in Chess
Descriptive pattern of skill trajectories. Data-driven, descriptive patterns of skill trajectories were obtained by fitting local polynomial regression-loess on averaged values per year (Cleveland, Grosse, & Shyu, 1992) , for the FIDE and German data separately. The averaged Elo values (see Figure 2) were used as the dependent variables, while the age of participants was the predictor. The results show different skill acquisition trajectories in the two datasets (as partially discussed in Vaci et al., 2014) . The German players show a steeper increase to the peak compared with the FIDE players (see Figure 2) . They are starting as beginners at around 1,000 Elo points and tend to improve more in the first years of playing. In contrast, the FIDE players are already entering the dataset as highly skilled players (around 1,800 Elo points) and therefore show smaller effects of increasing skill prior to the peak. The peak performance is at approximately 39 years in both datasets. As expected, FIDE players are better on average than German players when comparing rating values. This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
Fitting the curve. The question remains as to what is the best theoretical function that can explain the behavior of the rating scores over the years. The most frequently used theoretical function in previous studies is the quadratic function, while the model proposed by Simonton (1997) assumes more complex behavior of age-related function, which could be approximated with the third polynomial or cubic function. The cubic function may also help to capture the stabilization of the decline in later years as obtained in the descriptive analyses (see Figure 2) , something the quadratic function cannot capture.
To assess what is the most parsimonious order of polynomial for a given dataset, we used "leave one out cross-validation" (Browne, 2000; Roberts & Pashler, 2000) . That is, parameters for all models were estimated on a training sample, which excluded one data point. After this, the estimated model was used to predict this particular data point. The fit of the model was examined by comparing AIC values and squared errors, summed across 80 simulation trials, for each model. Contrary to the fit of the function, AIC penalizes increasing number of parameters, thus, it discourages overfitting of the data. An important aspect when choosing the function is its plausible interpretation. That is to say, due to the vast amount of information gathered in datasets, adding more complexity tends to improve fit of the model automatically. By taking into account each of the two measures of fit and the interpretability of the function, we can determine the best and most parsimonious model. Because cross-validation is computationally demanding, we fitted linear regression with rating as the dependent variable and age of participants as the predictor, while we tested for the maximum of seventh polynomial. The analysis was performed on both the FIDE and German databases.
Both measures of goodness of fit show similar trends. The squared error of the model declines by adding more complexity, while the inflection of the squared error decline is around third order polynomial (see Figure 3A) . The AIC values also show that the quality of the model also improves by adding more complexity. However, the inflection of AIC values occurs at fourth order of polynomial (see Figure 3B ). If we take into account previous descriptive analysis of the data (see Figure 2) , third order of polynomial should offer a good fit to the data. Third order of polynomial is also justified based on the results obtained from the linear model (see Table 1 ). In both datasets, there is linear improvement in the beginning of the career illustrated as positive linear effect. The quadratic effect has a negative sign that indicates an inverted-U function, while positive cubic effects flattens the decline from the peak in later years. The results illustrate three different stages of expertise development. The linear and quadratic effects illustrate skill acquisition in the beginning of career and skill decline in later years, respectively. The cubic effect captures the right tail of the age-rating trajectories where players do not decline especially rapidly, or the decline even tends to stagnate (see Figure 2) . This is an important insight into the process of age-related decline that had not been captured by previous studies.
Mixed-Effect Modeling
Modeling of age and expertise-related activity effects. Next, we modeled the rating of players using linear mixed-effect modeling (Baayen, Davidson, & Bates, 2008; Bates, 2005) . The linear, quadratic, and cubic effects of age, the number of played games (tournament activity) and time span between played tournaments ("stale play") were included as fixed-effects, while random effects were participants. We also attested for possible byplayers random slope adjustments. Only the linear effect of age required additional adjustment of the slope, and so it was included as a random effect. Goodness of fit of the models was compared for each new term that was added to the model (see Appendix B).
The results for the FIDE database presented in Table 2 show a similar pattern of effects as in Roring and Charness (2007) . Random intercepts for participants and adjustment of the slopes for the linear effect of age correlate significantly (r ϭ Ϫ.60). This means This document is copyrighted by the American Psychological Association or one of its allied publishers.
that players with higher scores at the beginning have a shallower increase to the peak, while lower starting players have a steeper increase. Players in the FIDE database peak around 34 years. The first polynomial or linear function of age has a positive effect on rating scores, while the second polynomial has a negative one. As previously argued, this illustrates the improvement at the beginning of the career and the decline in later years. The third polynomial or cubic function has a positive effect on rating scores. The cubic effect captures the start of the decline stabilization in the right tail of the skill function. The numbers of played games also add new information to the model; as can be seen, all three effects of age were significantly affected by the activity. The interaction between the second polynomial of age and games is negative, indicating that there is a greater decline in later years depending on the number of played games. The model shows that people who play more peak higher, but they also decline faster than their peers who play less. It seems that the experience gathered through playing does not preserve their skill in later years. Instead, it actually negatively influences their skill. The "stale play" predictor has a negative effect on the rating scores. The longer the time lag between two tournaments, the more a player is going to decline.
A model with the same predictor terms produced different results in the German database (see Table 2 ). The players that start with higher rating scores at the beginning of their careers have a shallower increase to the peak-around 38 years (the correlation between intercepts and slope is r ϭ Ϫ.61). As in the FIDE database, linear and cubic effects of age have a positive influence on the rating in the German database, while the quadratic effect and "stale play" predictor have a negative influence. The interaction of the quadratic effect of age and games has a positive effect on rating, while the linear effect enters in negative interaction.
3 Figure 4 illustrates hypothetical skill acquisition trajectories that result from entering different numbers of games played into the estimated model equation. Depicted are the trajectories of players who play very often (30 games per year) and those who play rarely (three games per year). The more active players in the FIDE database peak higher and slightly earlier than the less active players, but they decline faster after the peak (see Figure 4A) . The results obtained on the German database lead to a substantially different conclusion about the preserving effect of activity-chess experts with more games played peak higher, but they also decline more slowly, than their less active counterparts (see Figure 4B) .
The "age is kinder to the initially more able" hypothesis. To investigate the hypothesis that age is kinder to the initially more able or capable, we divided players based on their rating scores. The initially more able or expert group consisted of players with a peak rating of 2,000 Elo points or more, while all other players were defined as nonexpert players.
The mixed-effect model stated in Equation (1) was also used to test the "age is kinder to the initially more able" hypothesis, with the following difference. An expertise level factor indicating whether players fall within the best player group or the nonexpert one was added as a fixed effect to the model, as well as seven terms for all interactions with age and games. See Appendix C for parameter estimates.
The results show an opposing pattern of effects in the FIDE and the German database. In the FIDE database, the expert and nonexpert players are improving and becoming better at a similar rate. After the peak, the best players tend to decline less compared with lower ranked players (see Figure 5A) . The results based on the decline after the peak support the "age is kinder to the initially more able" hypothesis. However, the best players in the German database have a steeper increase to the peak, or rather, a faster improving rate at the beginning of their careers. The effect of age after the peak in this instance is the converse of that seen with the FIDE database. The best players decline more in comparison with their less able peers (see Figure 5B) . The results obtained on the German database support or resemble the assumption of proportionality between prepeak increase and postpeak decrease in Simonton's model of career and landmarks. 4 We calculated the age at peak in rating scores for the best and average players in both datasets. Nonexpert players in the FIDE database peak around 34 years, while experts' peak is at 38 years. 3 In order to investigate whether the negative effect of practice in the FIDE database may be influenced by the restriction of tournament activity and not the restriction of the range of rating scores, we conducted two additional analyses. In the first, we truncated the German distribution below 1,500 Elo points to make it comparable to the FIDE database when it comes to skill range. In the second analysis we identified the 13,487 players that are registered in both datasets (see Table A3 in Appendix A for descriptive statistics). The both analyses replicated the positive, preserving effect of activity in the German database, but not in the FIDE database (see Intersection of the Datasets analysis in supplemental materials). This suggests that the different signs of the estimated games parameters in both databases are unlikely to be due to skill restrictions, but rather to the activity restrictions. 4 The FIDE database logs only players above 1,500 Elo, while the German database also includes players weaker than 1500 Elo. This means that our nonexpert category includes differently skilled players in the FIDE and German datasets. To investigate whether the differences between the datasets could be explained by the lack of below-average players (under 1,500 Elo) in the FIDE database, we matched the two datasets for rating level by excluding the players in German dataset below 1,500 Elo ratings (see Ability Factor analysis in supplemental materials). The results, however, remained the same as in the main text. This document is copyrighted by the American Psychological Association or one of its allied publishers. This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
The pattern is the opposite in the German dataset: less able players peak around 42, whereas experts peak around 37 years. Similar to the previous analysis of activity, we checked the trajectories for best and nonexpert players who play three or 30 games. The results again show a positive, skill-preserving effect of activity on decline in the German database, but not in FIDE.
Stabilization of age-dependent decline. The descriptive and linear mixed-effects model analyses show that the inflection point of decline occurs in the right tail of the skill function. We computed the second derivative by using estimated coefficients from the mixed-effect model. The second derivative can be described as the function that reflects the change of the slope of any differentiable function. By setting the second derivative of the estimated model equation to zero and solving for the age of participants, we obtained the inflection point, which, in the present model, reflects the change of slope from decreasing to increasing. The inflection point reflects the intersection of highest decline rate after the peak and the onset of the stabilization phase of the age-related decline.
Computations on the linear mixed-effect model (see Table 2 ) show that the inflection point for players in the FIDE database occurs around 66 years, while for German players it occurs around 55 years. More importantly, the computations on the model with the ability factor (experts and nonexpert players) show that the inflection point is expertise-dependent. In both datasets, experts start to stabilize sooner compared with less able players. In the FIDE database, the inflection point is 61 years for experts and 99 years for nonexpert players. In the German database, it is 52 years for experts and 57 years for nonexpert players. As the standard deviation tends to increase in the tail of age-related function in the case of the FIDE database (see Table A2 in Appendix A), one should be cautious when interpreting estimates for this database.
The expertise-related activity also influences the inflection of decline. As in the previous analyses, we used two hypothetical groups of players who played often (30 games per year) and rarely (three games per year). In the case of more active players, stabilization of decline starts earlier, at 63 years compared with 66 years in the FIDE dataset. The same pattern is found in the German database: Experts start to stabilize at 54 years whereas average players begin slightly later at 55 years.
5
Discussion
Age may be cruel to basic cognitive processes (Deary et al., 2009; Naveh-Benjamin & Old, 2008; Salthouse, 1984) but there are indications that expertise and expertise-related activity in complex skills may help to prevent serious age-related decline (Sturman, 2003; Waldman & Avolio, 1993) . However, the results are far from conclusive (Howard, 2012; Roring & Charness, 2007) and previous studies suffer from various methodological problems. Here we used the archived data in the domain of chess to circumvent the shortcomings of previous research, and to examine whether expertise and practice moderate age-related decline in complex cognitive skills.
The Shape of the Age Curve in Chess
We examined the descriptive patterns of the age-related trajectories in chess expertise. Initially, players in both datasets improve and progress, while in later years they slowly decline. The optimal age-related skill function in chess captures the phases of agerelated behavior proposed by Simonton's (1997) model of career trajectories and landmarks. The fitted cubic function captures the initial process of improvement, decline after the peak, and finally, the start of the decline stabilization. Previous studies showed evidence for this type of skill curve (Dennis, 1966; Lehman, 1953; Simonton, 1988; Zuckerman, 1977) .
It is important to state that we do not assume that chess expertise functions in the same manner as creativity. In the case of Simonton's model, expertise acquisition is assumed to have taken place before the onset of a person's career. This is not the case in chess expertise, where prepeak increase is usually interpreted as the skill acquisition phase. However, the typical phases in both domains bear a resemblance to each other and Simonton's model provide a useful framework for explaining chess trajectories across players' life span. Even the notion of individual differences in Simonton's model, where the productivity rates differ among disciplines, could be connected to our results. Instead of the productivity differences among (academic) disciplines, in chess we obtained different trajectories for differently skilled practitioners. 5 When we use four differently skilled groups based on quartiles in the databases, instead of two, we get essentially the same results. The ability level influences the peak of the function and the stabilization of decline (see Ability Factor analysis in supplemental materials). The higher the level of ability, the sooner the peak and the sooner the inflection point is observed. This document is copyrighted by the American Psychological Association or one of its allied publishers. This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.
Range Restriction of Ability and Activity
The results demonstrate the possible pitfalls of using the FIDE database. A database that misses a considerable number of players and does not record their activity is bound to produce unreliable results. The FIDE expertise curve is truncated because the players' initial skill acquisition process before reaching 1,500 Elo has not been recorded in the database. This results in a more prominent increase period for the German players, as they enter competitions mostly as beginners, whereas in the FIDE database the players are already experts when their scores first begin to be collected. These restrictions may provide a possible reason for other contradictory results in the literature. For example, studies with restricted FIDE data regularly find differences between women and men in skill (Howard, 2005 (Howard, , 2006 , 2014a but see, McLeod, 2006, 2007) . The studies with unrestricted national databases, however, explain these differences through participation rates and dropout patterns (Bilalić et al., 2009; Chabris & Glickman, 2006; Knapp, 2010) .
Similarly, the studies that use activity levels to estimate innate talent in chess (Howard, 2008 (Howard, , 2009 ) become difficult to interpret if a large number of games are missing from the records. The lack of reliable records of expertise-related activity is one of the reasons for the implausible results we found in the FIDE database where more tournament activity leads to greater postpeak skill decrease. Age Rating Figure 5 . Life span trajectories for average and best chess players. (A) Age-related curves in the FIDE database for rating scores, measured in Elo points, for average players (black) and experts (gray). (B) Age-related curve in the German database for rating scores for average players and experts. The range of the y-axis was not adjusted on the same scale, as raw Elo ratings differ between datasets. The points represent maxima (peak values) and inflection points of decline (see stabilization of age-dependent decline), separately for experts and average players. The inflection point for average players in the FIDE is not shown because it is outside of the age range (99 years). This document is copyrighted by the American Psychological Association or one of its allied publishers.
In the German database we find the opposite effect-tournament activity moderates the postpeak decline. One of the plausible reasons for the different effects of tournament activity in the two databases lies in the methodological constraints and logistical procedures (see Method, as well as . Another reason for this effect can be more motivational and environmental. In the later years, older players are encountering rapid rising, underrated younger players. The number of defeats against the younger opponents increases, producing larger dropdown of rating scores and discouragement, which may result in inactivity. Finally, playing more games allows better adjustments of the rating score than playing fewer games. In the case of older players that rarely participate, the rating score is going to undergo a smaller decline compared with older players that play more games.
The Effect of Activity on Aging in Chess
The activity levels of chess players played a role throughout their career. Players who were more active had steeper increases to the peaks and reached higher peaks than players who were less active. The activity also acted as an equalizer to the age-related decline observed after the peak. The players who were more active tended to decline more slowly than their less active colleagues and their decline also stabilized sooner. Additionally, time lag or "stale play" predictor negatively influences rating scores. This effect can be observed as complementary to the tournament play effect. On the one side, tournament play tells us how players decline or improve based on the expertise-related activity during rating periods. On the other side, the "stale play" illustrates how periods of inactivity and the time lapse between participation in chess tournaments influences overall skill decline. Both point out the major influence of expertise-related (in)activity on the chess skill development throughout the life span.
The results confirm previous studies, which demonstrated that activity plays an important role in the preservation of cognitive functions (Bedard, 1989; Ericsson, 2004; Krampe & Ericsson, 1996) . It should be noted that we did not measure practice or even deliberate practice (Ericsson et al., 1993) but rather players' activity reflected in their tournament play. The number of games played in those tournaments does not constitute deliberate practice, which in chess has been defined as solitary study of books and focused tournament preparation (see Charness et al., 2005) . While there are contradictory results on whether deliberate practice or tournament play is a better predictor (Campitelli & Gobet, 2008 Howard, 2012; , it is beyond doubt that both factors play a huge role in chess skill. It is therefore conceivable that the inclusion of direct deliberate practice indicators (e.g., protocols of practice hours), beside the already incorporated tournament play, would result in even stronger preserving effects in cognitive decline.
Comparison of Age-Related Decline With Other Domains
Studies in gerontology and the aging approach showed that age-related decline is inevitable in most areas of cognitive functioning (Deary et al., 2009; Naveh-Benjamin & Old, 2008; Salthouse, 1984 Salthouse, , 2010 . One way to examine the magnitude of chess age-related decline is to calculate the effect size of the decline and compare it with previous studies in the area of cognitive age-related decline. Meyer et al. (2001) published an overview of estimated effect sizes or correlations for different type of cognitive processes and functioning. We adapted this approach and calculated the effect size for age-related decline in chess. Correlation of postpeak rating scores with age shows that this effect for the FIDE database is .19, while for the German database it is .22. These coefficients are much smaller than the age-related decline for episodic memory (.33), reasoning (.40), and speed of processing (.52). Similar results were found in a recent meta-analysis by Moxley and Charness (2013) . The performance on the recall of briefly presented chess positions declines more with age (r ϭ Ϫ.49) than the performance on the choice of the best move (r ϭ Ϫ.28). These findings fit within the pattern where the age-related decline has been observed in basic cognitive processes (Horn & Masunaga, 2006; Lindenberger & Baltes, 1994; Salthouse, 1991) , whereas the decline has been much lower or even absent in real life professions and complex cognitive skills (Salthouse & Maurer, 1996; Sturman, 2003) .
Age Is in Long Term "Kinder to the Initially More Able"
The final step in our study was to examine the "age is kinder to the initially more able" hypothesis. The results obtained with linear mixed-effect modeling indicate that there are differences between the FIDE and German databases. Experts in the FIDE database decline less after the peak compared with nonexpert players. This effect is in line with the studies performed on the same dataset (see Roring & Charness, 2007) and supports the "age is kinder to the initially more able" hypothesis (Blum & Jarvik, 1974) . The experts in the German database, on the other hand, have a steeper decline after the peak than their less able peers. Experts from this dataset display a steeper prepeak increase and postpeak decline than nonexpert players. These results do not completely favor the "age is kinder to the initially more able" hypothesis. Rather, they show evidence for Simonton's (1997) model of career trajectories and landmarks, as the prepeak increase is proportional to the postpeak decrease (Dennis, 1966; Lehman, 1953; Zuckerman, 1977) .
One of the novelties of our study is a demonstration of previously unexplored effects of expertise and activity on age-related decline in complex cognitive skills. That is, we show that the postpeak decline starts to stabilize at one moment. This effect is in line with Simonton (1997) , who showed that the postpeak curve becomes concave upward and approaches zero decline asymptotically. We estimated the onset of the decline stabilization and showed that it depends on expertise and activity. Experts display an earlier stabilization of decline compared with less able players, while activity moves the stabilization point to an earlier age. To our knowledge, this is the first study to illustrate the preserving effects of expertise and tournament activity on the tail of the age-dependent decline. If this effect can be replicated in future studies, it can give us another perspective on the preserving effects of expertise and activity. Previous work assumes a monotonic benefit of practice (Ericsson & Charness, 1994; Ericsson et al., 1993) , namely, that improvement in performance is proportional to the current amount of activity. We replicated this effect and have This document is copyrighted by the American Psychological Association or one of its allied publishers.
shown that postpeak practice offsets the age-related decline (see Figure 4 ). Beyond this, we have also demonstrated that previously accumulated practice has long-term effects on the stabilization phase. Experts, who most likely became experts through accumulation of practice, start to stabilize earlier (52 years) than nonexpert practitioners (57 years), who have probably accumulated much less practice in their lifetimes. These results also extend the implications of the "age is kinder to the initially more able" hypothesis. They not only show that the immediate decline after the peaks is important, but also that the tail of the distribution varies and is influenced by expertise and activity. In summary, we show that performance declines as people get older, even in complex cognitive skills. The decline, however, is considerably smaller than in other basic cognitive processes. The results indicate that age may be crueler in the beginning of the decline to more able practitioners, but we also demonstrate the more subtle effects of expertise and activity. In line with Simonton's model (1997) career trajectories and landmarks, experts decline more quickly but they also begin to stabilize much earlier and at a higher skill level than their less able colleagues. The crucial mediating role in this process is played by activity. Experts may lose more, but the accumulated knowledge obtained through practice is helping them to preserve their skill level as they get older. Age is cruel to the more able, but it may be substantially less cruel to those who are active and had been practicing in the past.
Descriptive Results and Estimated Coefficients From the Models
The main goal of the data exclusion was to reduce the possibility of compositional and ecological fallacy (Dennis, 1966; Simonton, 1977; Simonton, 1988) prior to the model estimation. These fallacies represent different aggregation errors that can arise when researchers use averaged values across many individuals to derive the shape of a typical age-related curve. Averaged decline rates across several careers do not necessarily reflect the trajectories of the individuals that make up the sample, and vice versa. This problem usually occurs due to the variability in the life span of experts and/or larger number of dropouts. In other words, by including those players who stopped participating in competitions (or even died), one is estimating coefficients for data that is biased toward particular trends in age-related effects. As well as a priori "aggressive" exclusion of the possible outliers, multilevel or mixed-effect regression analysis offers a promising way to mitigate aggregation fallacies (Goldstein, 2011; Snijders & Boskers, 2012) .
We also investigated whether dropout rates and rating scores vary differently by age in the two datasets. This would result in a biased skill acquisition curve, especially when extrapolating the curve above 70 years. To investigate this problem, we computed mean number of played games, as well as the mean value and standard deviation of rating scores for each age decade. Descriptive results, in the case of the German database, show that players tend to drop out, resulting in fewer players above 70 years compared with other decades, yet the absolute number is still large-almost 10,000 players. However, all players are equally active; the average number of played games is between five and six and SD of rating scores is declining by age (see Table A2 ). The descriptive results are slightly different for the FIDE database, where SD of rating scores are higher in the tails of the age range and the average number of played games decreases by age (see Table A2 ). Overall descriptive results show that skill curves can be estimated on the range from 10 to 80 years, but one should be cautious in interpreting the curve after 70 years in the case of the FIDE database (see Table A1 , A2, and A3).
(Appendices continue)
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